ABSTRACT The measurement of human miRNA functional similarity is an important research for studying miRNA-related therapeutic strategy. Pair wise-based approaches using disease-miRNA associations have recently become a popular tool for inferring miRNA functional similarity. However, the miRNA functional similarity is vitally influenced by calculation of the disease semantic similarity in those methods. Moreover, integrating information content with hierarchical structure can improve calculation of the miRNA functional similarity. Therefore, we propose a group-wise method for inferring the miRNA functional similarity, named GMFS. First, the information content is computed by using disease MeSH descriptors to describe the specific of disease. Second, the acquirement of disease feature is based on the hierarchical structure as well as the information content of disease. Finally, the miRNA functional similarity is measured by using both miRNA-disease associations and the disease feature. To validate the effectiveness of the GMFS, we compare our method with several existing methods in terms of the average similarity of intra-family, inter-family, intra-cluster, and inter-cluster groups. The p-values achieved by non-parametric test further indicate that the GMFS could have reliable miRNA similarity. Besides, the correlation between other biological information of the miRNA and the miRNA functional similarity is analyzed. The influence of the varying parameter is shown. We also demonstrate that the constructed network based on the miRNA functional similarity is a scale-free and small-world network. The superior performance on uncovering lymphoma-related miRNAs explains the ability of the GMFS inferring the miRNA functional similarity.
I. INTRODUCTION
Many studies have confirmed that miRNA, which is a class of non-protein-coding small RNA [1] , plays important roles in the pathogenesis of complex diseases [2] , [3] . Measuring miRNA functional similarity has been a hot area of research lately, since it is critical for many applications, such as miRNA functional prediction [4] , identifying association between small molecule and miRNA [5] , disease miRNA prioritization [6] - [11] , miRNA synergism identification [12] - [14] and miRNA-mRNA interaction inference [15] , [16] . In addition, compared with miRNA similarity based on sequence or expression data [17] , miRNA functional similarity makes more contribution in the inference of miRNA functions and biological roles [18] .
A given miRNA may regulate different mRNA target [19] . Therefore, in previous studies, miRNA-target associations were utilized to infer miRNA functional similarity in some computational methods [20] , [21] . Jaccard similarity measurement is utilized to infer miRNA functional similarity based on the common gene set of two miRNAs [22] . Nevertheless, due to the fact that only few target gene sets of human miRNAs have intersection, most of the miRNA functional similarities obtained by their method are zeros. Sun et al utilized the miRNAs targeting propensity and proteins connectivity in the PPI network to infer miRNA functional similarity [23] . Xu et al. [24] calculated the functional similarity of miRNA pair by integrating the site accessibility and the interactive context of target genes in the weight gene networks. In PPImiRFS approach [25] , the protein-protein interaction network was first constructed based on the gene semantic similarity measured by GOSemSim [26] . Then, the shortest path was employed to quantify the gene functional similarity. Finally, by combining the gene functional similarity and the predicted miRNA-gene associations [27] , the functional similarity of miRNA pair was computed based on the modified best-match average method. Luo et al. [28] developed a novel measurement, named MFS_GO, to compute miRNA functional similarity using GO annotations of their target genes. Nevertheless, since the predicted miRNA targets usually have high false positives and false negatives, it may cause unreliability of miRNA functional similarity [29] , [30] .
Abnormal miRNA function has been shown to be linked with many disease states [31] . Meanwhile, as the miRNAdisease associations tend to have higher density than miRNA targets in human, several methods have been proposed to integrate the disease semantic similarity and miRNA-disease associations [32] - [34] to infer miRNA functional similarity. In the MISIM method [35] , the semantic similarity of disease was first measured with hierarchical structure. And then the best-match average (BMA) method was applied to calculate miRNA functional similarity. An improved method [36] was further developed to quantify miRNA functional similarity based on the intuition that the more general the disease term is and the less semantic contribution it has. In this method, the semantic similarity of disease was speculated by information content rather than hierarchical structure. All the aforementioned pair wise-based approaches measuring miRNA functional similarity are divided into two steps: the first step is to measure semantic similarity scores of disease pairs using disease comparison techniques; the second step is to compute miRNA functional similarity based on disease semantic similarity calculated in the previous step. Best match average rule (BMA) is commonly employed in the last step. Recently, we developed a novel path-based measurement to calculate the human miRNA functional similarities using miRNA-disease associations [37] . Although pair wise-based methods are widely adopted for measuring miRNA functional similarity, they are significantly influenced by the reliability of the disease semantic similarity. Therefore, a group wise-based approach combining information content and hierarchical structure is required to measure miRNA functional similarity.
In this paper, we developed a novel method, called GMFS, to calculate the miRNA functional similarity using miRNA-related diseases. Our method first computed information content of disease based on disease DAGs (directed acyclic graph) from MeSH [38] . It then integrated information content and hierarchical structure to extract feature vector of disease. Finally, the miRNA functional similarity was inferred by miRNA-disease associations together with feature vector of disease. Compared with other calculation methods using miRNA-disease associations on MeSH and HMDD databases, we verified that our method is more effective in terms of average similarity of intra-family, inter-family, intra-cluster as well as inter-cluster groups. In addition, non-parametric test is implemented to further demonstrate the performance of GMFS. Furthermore, the relationship between functional similarity and other biological information is analyzed. Experimental results with the varying parameter are exhibited. Lastly, the application of MIDP [7] , an algorithm for predicting miRNA-disease association, on miRNA network constructed by different methods measuring miRNA functional similarity exhibited the superior performance of GMFS.
II. METHODS
In this section, we introduce the process of our method and then provide the detailed description on how to measure the functional similarity of miRNA pairs.
A. METHOD OVERVIEW
The overall process of measuring miRNA functional similarity by GMFS is displayed in Fig. 1 . First, GMFS infers the information contents (ICs) of diseases from the DAGs to quantify the semantics of the diseases. Next, GMFS calculates the disease feature vector by combining the information content and hierarchical structure of disease. Third, the miRNA feature vector is obtained based on the disease feature vector and miRNA-disease association. Finally, the functional similarity between two miRNAs is computed on the basis of their features by cosine similarity method and logistic function.
B. THE DISEASE FEATURE 1) MeSH DISEASE DAG STRUCTURE
To obtain the disease feature, MeSH descriptors are downloaded from the National Library of Medicine [38] (http://www.nlm.nih.gov) to construct disease DAGs. There are 16 categories in the MeSH database (e.g. Category A for anatomic terms; Category B for organisms; Category C for diseases; Category D for drugs and chemicals). In this work, the descriptors of Category C are downloaded to construct DAGs (Supplementary material 1). In these DAGs, diseases are represented as nodes connected by direct edge from a parent to its child. For instance, as shown in Fig. 2 , in the DAG of Laryngeal Neoplasms, Laryngeal Disease points to Laryngeal Neoplasms. Mesh IDs: C09.400 and C08.360 are all corresponding to Laryngeal Disease. The entries on its parent nodes (Respiratory Tract Neoplasms and Otorhinolaryngologic Disease) have only MeSH ID: C08 and C09, respectively.
2) COMBINATION OF INFORMATION CONTENT AND HIERARCHICAL STRUCTURE
Information content, which can effectively depict how specific a disease is, has recently proved to be useful [7] , [36] , [39] . Meanwhile, the hierarchical structures of DAGs are widely used to calculate disease semantic similarity [35] , [40] . In this work, we combine the information content with the hierarchical structure to obtain the disease feature.
According to the corpus-based method [18] computing the information content of disease, the IC of disease d is defined as:
where N DAG (d) means the number of descendants of disease d and TN DAG is the number of diseases in MeSH.
In Fig. 1 , considering all DAGs of 6 diseases, where 3 diseases are the descendants of disease d 2 , the IC of disease d 2 is
The hierarchical structure of DAGs is neglected in the computation of information content. Therefore, in the second step, the feature of disease was obtained by integrating with hierarchical structure. Suppose the number of diseases in the MeSH database is |D|, the information content IC(d j ), j = 1, 2, . . . , |D|, the value of f di (dj) for feature vector of disease d i is computed based on the following equation:
where is the semantic contribution decay factor for edge from the disease to its child disease, and t is the shortest distance from disease d i to disease d j . For example, as shown in Fig. 1, d 2 is an ancestor node of d 6 . The length of the two paths from d 2 to d 6 is 1 and 2, respectively. Therefore, the element of feature vector of d 6 corresponding to d 2 is 0.585 * .
In our experiment, the factor is set as 0.5. Taken together, the feature vector of disease d i can be represented as:
C. CALCULATION OF miRNA FUNCTIONAL SIMILARITY
After obtaining the feature vector of disease, GMFS computed the miRNA functional similarity by integrating the known miRNA-disease associations. In this paper, we approach the problem of calculating miRNA functional similarity by use of group-wise method. Firstly, we obtain the miRNA-disease associations from HMDD database updated in 2015. As a result, there are 6197 distinct high-quality miRNA-disease associations, which include 574 miRNAs. Secondly, we extract feature of miRNA via disease-related miRNA and the disease feature. Finally, the miRNA functional similarity is calculated based on the extracted feature vector of miRNA. Let D mi denote the m i -related disease set and f d denote the feature vector of disease d, then the feature vector of miRNA m i is extracted as follows:
Based on the feature vector of each miRNA formed by equation (3), we then calculated the functional similarity of miRNA pair m i − m j by cosine similarity:
where the functional similarity of miRNA Sim m i , m j is in [0, 1]. In our work, the miRNA functional similarity computed by consine similarity is close to zero. Therefore, Sim m i , m j is modified by the logistic function which has been used to adjust disease phenotypic similarity [41] . The logistic function is defined as follow:
Where Sim new m i , m j is the new similarity of miRNA, parameters c and d are used to control the adjustment of miRNA functional similarity. According to the research done by Luo et al [42] , we set c as −30, and d as log(9999). The algorithm 1 for calculating miRNA functional similarity based on group-wise comparison of miRNA-related diseases is demonstrated as follows.
III. EXPERIMENTS
In this section, we first compared our method with two existing methods based on average similarity of different miRNA groups. Next, Wilcoxon rank-sum test and Kruskal-Wallis test were employed to evaluate the effectiveness of GMFS. Thirdly, we analyzed the correlation between other biological information (genome coordinate and expression similarity) and functional similarity calculated by our method. Moreover, it was analyzed that the varying parameter influences the calculated result. The topological structure of the constructed network via miRNA functional similarity was exhibited. Finally, MIDP was applied to the constructed network to further demonstrate the superior performance of GMFS. We downloaded miRNA-disease associations from HMDD database [32] to validate the performance of GMFS. 330 diseases in the HMDD (updated in 2015) are included in the U.S. National Library of Medicine (MeSH) and are related to 574 miRNAs (Supplementary Material 2) . In addition, the functional similarity of miRNA pairs could be downloaded from Supplementary Material 3. GMFS is implemented in C++ and the source code is freely available at http://www.github.KDDing/GMFS.
Since miRNAs in the same family generally have high sequence similarity and complete identical seed regions, they are likely to have high functional similarity. Therefore, in order to evaluate the performance of GMFS, we classified the human miRNAs into three classes: intra-family, interfamily and randomly selected miRNA group (534 miRNAs included in 76 families) according to the RFam database [43] . As shown in Fig. 3(a) , the functional similarity of intra-family miRNA pairs obtained by GMFS is greater than that of other methods. Meanwhile, for the inter-family miRNA group, the functional similarity calculated by GMFS is smaller than that of other approaches.
To demonstrate if there is a significant difference between the intra-family and inter-family groups, Wilcoxon rank-sum test and Kruskal-Wallis test are employed. The results of the significance test are shown in Table I . Clearly, the smaller p-value further verified that GMFS achieved better performance over other methods. Furthermore, applying Wilcoxon rank sum test to intra-family and inter-family group, the p-value of GMFS is better than that reported in the previous studies [23] , [28] using miRNA target information.
Due to that a cluster of miRNAs usually transcribe and express synchronously, miRNAs within the same cluster are also likely to have high functional similarity. We download the genome coordinate data from miRBase [44] and divide miRNAs into three classes: intra-cluster, inter-cluster and random pairs (574 miRNAs contained in 77 clusters), using 50kb as the distance cutoff. As shown in Fig. 3(b) , the functional similarity of intra-cluster miRNAs obtained by GMFS is higher than that of other methods, while for the inter-cluster group, the functional similarity of GMFS is lower than that of other methods. Similarly, we applied Wilcoxon rank-sum test and Kruskal-Wallis test to intracluster, inter-cluster and random groups to test the statistical significance of different groups. The smaller p-values obtained by GMFS further illustrated that the results of GMFS is superior to that of other approaches (Table II) . Moreover, compared with previous studies using miRNA target information, GMFS obtained smaller p-value between intra-cluster and inter-cluster miRNA pair by Wilcoxon rank sum test, as reported in methods [23] and [28] . miRNAs with nearby genome coordinates are likely to have similar functions as well. Therefore, miRNAs are grouped into different clusters using varying distance cutoffs in [10kb, 100kb] with a step size of 10kb. As shown in Fig. 4,   FIGURE 4 . The relationship between genome coordinate and miRNA functional similarity calculated by GMFS.
FIGURE 5.
The relationship between the expression similarity and the functional similarity calculated by GMFS (Note: the number near marker denotes the number of miRNA pair whose functional similarity is greater than threshold value t ). the distance of the miRNA genome coordinates is negatively related with the functional similarity.
Studies have shown that miRNAs related to similar biological processes tend to have similar functions. Hence, miRNAs with similar expression profiles are likely to have high functional similarity. We obtain the expression profiles of 345 miRNAs across 40 normal human tissues from [45] . The expression similarity of miRNA is measured by pearson correlation coefficient (PCC). We group miRNAs into two groups based on a threshold value t ranging from 0 to 1 with the step size of 0.05. In Fig. 5 , we demonstrate the average expression similarity of miRNA pair with functional similarity greater than the given threshold value t. Moreover, the positive correlation between the functional similarity and the expression similarity is quantified by PCC (R=0.538 for GMFS). 
B. IMPACT OF PARAMETER
The results with the varying semantic contribution decay factor are analyzed to demonstrate the impact of parameter . As shown in Fig. 6 , the miRNA functional similarity of inter-family group keeps getting growth as the semantic contribution decay factor increase. Furthermore, it can be seen that average similarity of intra-family group is peaking at 0.651525 while the semantic contribution decay factor is 0.5.
C. CONSTRUCTION OF miRNA NETWORK
Many of the existing endeavors on miRNAs studies are focused on the construction of the miRNA network [46] . We constructed a miRNA network in which two miRNAs are connected if their functional similarity is higher than 0.9999. The constructed network contains 398 nodes with 1527 edges and is visualized by Cytoscape [47] (Fig. 7) .
As shown in Fig. 7 , a few miRNAs connect with a large number of miRNAs, whereas there are only few miRNA partners for most miRNAs. The node degrees follow a power-law distribution (Slope = −0.923, R-squared = 0.424, Fig. 8 ). Moreover, we employ the Random Networks plugin of Cytoscape to further analyze other topological characteristics of the constructed network. As a result, the characteristic path length of the constructed miRNA functional network (4.502) is similar to that of the random network (4.817±0.265). Besides, we obtained the greater clustering coefficient of 0.558 compared with random graph (0.459±0.013). Therefore, the constructed miRNA network is a scale-free and small-world network [48] . Moreover, we executed the CFinder [49] to find cliques, i.e. the complete sub-graphs, in the miRNA network. When k = 9, the number of cliques is peaking at 138679 (Fig. 9 ). This phenomenon is in accordance with the principle that the specific regulation is implemented by small clusters rather than individual or big modules.
D. APPLICATION
The dysregulation of miRNAs has important influence on many diseases [50] , [51] . Therefore, predicting diseaserelated miRNA will contribute to explore the pathogenesis. Lymphoma drives from gene mutation and is very difficult to treat. The discovery of gene mutation in miRNA target suggests a novel route for therapy [52] . Therefore, in this section, the lymphoma is used as an illustrative case study [53] , [54] . As mentioned above, MIDP [7] can be applied to the miRNA functional network constructed by GMFS to infer reliable miRNAs associated with lymphoma. Human miRNA-disease associations in HMDD were used as known information to predict potential candidates. The top ranks were considered as the most potential candidates related to lymphoma and further verified based on dbDEMC [33] . As a result, 9 miRNAs out of the top 10 candidate list were verified by dbDEMC (Table III) . However, for different functional similarity quantified by different approaches (Wang´s method [35] and Xuan´s method [36] ), dbDEMC identified 7 miRNAs in the top 10 lymphoma-related candidates. Maybe we can say that GMFS is contributing to the prediction performance of the miRNA-disease association.
IV. CONCLUSION
MiRNAs are discovered as targets of drugs and play critical roles in complex diseases. The reliability of miRNA functional similarity is very important to study effective miRNA-related therapeutic strategy. However, it still remains a challenge to design effective miRNA functional similarity measurement of high reliability.
In this work, we integrated information content and hierarchical structure to obtain feature vector of disease. After combining with miRNA-disease associations, the miRNA functional similarity was successfully calculated. The result of GMFS was estimated based on miRNA family and miRNA cluster. In addition, Wilcoxon rank-sum test and Kruskal-Wallis test were applied to illustrate the performance of our method. Next, we analyzed the relationships between genome coordinates of miRNA and miRNA functional similarity computed by GMFS. Expression similarity further demonstrated that GMFS can obtain reliable miRNA functional similarity. The constructed miRNA network based on functional similarity is a scale-free and small-world network. Ultimately, for application of miRNA functional similarity, we predicted that those miRNAs ranked in the top 10 are likely to be associated with lymphoma. The prediction results were verified by dbDEMC database. Besides, GMFS could be extended to measure the gene semantic similarity [55] , [56] and the lncRNA functional similarity [39] , [57] .
Although GMFS could achieve higher reliability of miRNA functional similarity compared with existing methods, further improvement may be obtained by integrating more biological information. 
